The conformations that amino acids can adopt in the random coil state are of fundamental interest in the context of protein folding research and studies of protein-peptide interactions. To date, no detailed quantitative data from experimental studies have been reported; only nuclear magnetic resonance parameters such as chemical shifts and J coupling constants have been reported. These experimental nuclear magnetic resonance data represent averages over multiple conformations, and hence they do not provide unique structural information. I have performed relatively long (2.5 ns) molecular dynamics simulations of Gly-X-Gly tripeptides, surrounded by explicit water molecules, where X represents eight different amino acids with long side chains. From the trajectories one can calculate time averaged backbone chemical shifts and 3 J NHα coupling constants and compare these with experimental data. These calculated quantities are quite close to the experimental values for most amino acids, suggesting that these simulations are a good model for the random coil state of the tripeptides. On the basis of my simulations I predict 3 J αβ coupling constants and present dihedral distributions for the Φ, Ψ, as well as χ 1 and χ 2 angles. Finally, I present correlation plots for these dihedral angles.
Nuclear magnetic resonance (NMR) spectroscopy has emerged as a powerful tool for studying biomolecules in solution, since the technique can render both structural and dynamic information Wishart and Sykes 1994) . Detailed structural information is generally obtained from J couplings, chemical shifts, and, most importantly, the nuclear Overhauser effect. Dynamic information can be obtained from relaxation experiments, rendering correlation times and order parameters (Smith et al. 1991; Barbato et al. 1992; Wagner 1993) . For relatively rigid proteins, the motions of the protein molecule can be separated into an overall, relatively slow, motion of the protein molecule and superimposed on that, small-amplitude, fast, local motions. When this separation of motions is possible the model-free analysis of Lipari and Szabo can be applied to obtain detailed dynamic information: correlation times and order parameters corresponding to the motions of individual atom pairs. Linear peptides are usually much more flexible than proteins, which means that overall and local motions cannot be separated in an unambiguous way and hence it is difficult to determine order parameters. Correlation times are still accessible, but they now represent a combination of overall motion and local motion.
In principle similar information regarding protein motions can be deduced from molecular dynamics (MD) simulations, and some attempts have been reported Kördel and Telemann 1992; Brüschweiler et al. 1992; Palmer and Case 1992; Eriksson et al. 1993; Smith et al. 1995; van der Spoel et al. 1996a van der Spoel et al. , 1996b van der Spoel 1996) . For proteins that are rather rigid this has worked out rather well, and good agreement between simulation and experimental data was found. The intrinsic flexibility of peptides makes it more difficult, if not impossible, to generate a representative ensemble. Because dynamics simulations are currently limited to lengths on the order of several nanoseconds, not all conformational states of a long peptide can be sampled. To determine whether it is possible to reproduce experimental peptide NMR data through MD simulations I have undertaken a systematic study of short peptides of sequence Gly-X-Gly, where X is any of Arg, Asn, Glu, Lys, Met, Phe, Trp, or Tyr. The other naturally occurring residues have not been considered for this work. The rationale behind these simulations is that for a single side chain in solvent it may be possible to reach equilibrium in a relatively short period of time, and therefore the MD simulations become tractable. I hope to be able to give a detailed description of the conformational distribution of these amino acids in the random coil state. To validate my approach I will first compare the outcome of my simulations with experimental random coil data (backbone NH and H␣ chemical shifts, 3 J NHα coupling constants). Subsequently I will describe the structures of the amino acids in terms of dihedral distribution and correlations between the dihedrals. On the basis of my simulations I am able to predict 3 J αβ coupling constants for the random coil state.
A further rationale for my simulations is that a direct comparison of MD computations to NMR solution data should in my opinion be a good benchmark for force field parameter sets as well as for other methodological improvements. In particular, this set of simulations plus experimental results should produce a good test for side chain dynamics in solution and for water -side chain interactions. Finally, when more or better experimental data become available (e.g., chemical shifts in different solvents (Jiménez et al. 1992; Thanabal et al. 1994; Merutka et al. 1995; Wishart et al. 1995; Plaxco et al. 1997) ) the tests can be performed anew to reevaluate force field performance. In the present work, however, I will not discuss force fields but rather will concentrate on the dynamic structural properties of the amino acids.
Gly-X-Gly peptide conformations were generated by manually editing a protein data-bank file using a text editor. For each of the residues type X a peptide A-X-B was cut out of the protein, then residues A and B were mutated to Gly by deleting their side chain. I recognize that the peptides generated in this fashion are all in a specific conformation corresponding to the protein structure they were taken from. Although there is always a danger that the starting structure of a peptide can influence its equilibrium properties in a simulation of limited time, I think that this choice of starting conformations is preferable to generating one using fixed backbone angles as many commercially available programs do.
The tripeptides were given neutral termini (NH 2 and COOH) to avoid specific interactions with polar side chains. This protonation state of the termini does not correspond to the true protonation state under physiological conditions but in my opinion this approach will not introduce any serious artefacts. All peptides were solvated in a cubic box with exactly 1400 simple point charge (Berendsen et al. 1981) water molecules. Subsequently the peptides were subjected to 100 steps of steepest descents energy minimization to remove any bad Van der Waals contacts between peptide and solvent. Finally, MD simulations were performed using the weak coupling algorithm for temperature-and pressure-scaling (Berendsen et al. 1984) . The parameters were as follows: τ T = 0.1 ps, T ref = 300 K, τ P = 1.0 ps, P ref = 1 bar (1 bar = 100 kPa). Peptide and solvent were coupled separately to the heat bath. Covalent bonds of the peptides were constrained using the LINCS algorithm (Hess et al. 1997) , and the water molecules were kept rigid using the SETTLE algorithm (Miyamoto and Kollman 1992) , allowing for a time step of 2 fs. Spherical cut-offs for nonbonded interactions were 10 Å (1 Å = 0.1 nm). Although the use of cut-offs can potentially introduce artefacts, I opted for this simple method because the influence of using a proper long-range electrostatics method such as Ewald summation (Ewald 1921 ) on peptide properties in solution has not been tested rigorously. Neighbor lists were used and updated every 20 fs. Coordinates were saved every 200 fs, and energies were saved every 20 fs. The simulations were 1 250 000 steps or 2.5 ns long. The GROMOS87 force field (van Gunsteren and Berendsen 1987) was used for the peptide with modifications as described in van der Spoel et al. (1996a) .
The GROMACS package was used for all simulations and analysis of trajectories (Berendsen et al. 1995; van der Spoel et al. 1997) . The MD simulations took approximately 65 h each on a single 533 MHz DEC Alpha processor.
Equilibration of the simulations was monitored by plotting potential energy and density (data not shown). In all cases the curves leveled off after 20 ps. I then decided to disregard the first 100 ps of the simulations, which left 2400 ps, or 12 000 time frames, for analysis.
Chemical shifts
Chemical shifts for the backbone NH and Hα protons were determined from the trajectories using the TOTAL program of Williamson and Asakura (1993) , which yields proton shifts on the basis of interactions between all peptide atoms. I have used this method in earlier work to compute chemical shifts from MD trajectories (van der Spoel et al. 1996a (van der Spoel et al. , 1996b . The TOTAL program actually calculates the deviation δ from random coil chemical shifts. Values for δ NH and δ Hα are given in Table 1 . Most values are close to zero, indicating that the average computed chemical shift is close to the random coil value determined by NMR in solution. Only in the case of the aromatic side chains is there some influence from the ring currents on the shifts of the protons. When looking at the chemical shifts as a function of time (data not shown) it can be seen that considerable upfield shifts (up to 3 ppm) occur transiently for the protons in aromatic residues. Such upfield shifts are the result of close en-counters between ring and proton as has been noted before in NMR (Kemmink et al. 1993) as well as in simulation work (van der Spoel et al. 1996a ). On average there is a slight downfield shift for the amide protons, and a small upfield shift for the Hα protons in all peptides with aromatic side chains. However, it is difficult to determine whether these deviations from random coil values are significant.
J coupling
I have computed 3 J NHα coupling constants from my simulations using a Karplus equation (Karplus 1959) with parameters A = 6.51, B = -1.76, and C = 1.60 (Vuister and Bax 1993) . Although there have been other parametrizations of the Karplus equation for 3 J NHα coupling constants (Pardi et al. 1984; Smith et al. 1991; Ludvigsen et al. 1991 ) I used the most recent one of Vuister and Bax (1993) . The resulting values are presented in Table 2 along with a prediction based on the coil region of known protein structures (Smith et al. 1996) and experimental values from GGXGG peptides (Plaxco et al. 1997 ). In the same table I present 3 J αβ coupling constants using a Karplus relation with parameters A = 9.5, B = -1.6, and C = 1.8 (DeMarco et al. 1978) . I note that for all residues except Arg the 3 J NHα values are reproduced within 0.4 Hz. Overall the prediction based on statistics (Smith et al. 1996) Table 2 . 3 J NHα and 3 J αβ coupling constants (in hertz) from simulation (Sim.), prediction on the basis of coil regions of known structures (Stat.) (Smith et al. 1996) , and experimental (Exp.) random coil data for 3 J NHα (Plaxco et al. 1997 scribed in the Discussion.
Dihedral distributions
In Fig. 1 I have plotted distributions of the backbone torsion angles Φ and Ψ deduced from my simulations. The Φ angles are largely distributed over the range of -180 to -60°, with a small peak corresponding to the gauche -(g -) conformation (around +60°). In contrast, the Ψ angles populate the range of +60 to +180°with a small peak in the gauche + (g + ) conformation (around -60°). For both angles there are notable differences between the amino acids. When looking at the correlation between the backbone angles in a Ramachandran plot (Fig. 2) it is striking that at least three residues (Arg, Phe, Tyr) have a considerable population of the forbidden region (around +60°,+60°) of the Ramachandran plot. This suggests that the low population of this region for non-Gly residues in protein structures is at least partially the result of interactions with neighboring residues.
In Fig. 3 I have plotted the distributions for the side-chain χ 1 and χ 2 angles. It can be seen that the χ 1 distributions are similar for the residues studied, but certainly not identical. In particular the g -peak is missing in all but the aromatic residues and Arg. The χ 2 distributions show more substantial differences between residues. The aromatic residues show a clear 180°symmetry corresponding to the symmetry of the side chains. I have created a χ 1 -χ 2 correlation plot (Fig. 4) lier for the Φ-Ψ angles (Laskowksi et al. 1993) . We think this is useful for a better understanding of side-chain conformation, in solution as well as in protein interiors. From  Fig. 4 we can see that in some cases the χ 1 and χ 2 angles are coupled. For Phe and Trp the g --g + combination for χ 1 -χ 2 does not occur, although the g -conformation is populated by χ 1 and the g + conformation by χ 2 . The fact that we do not see the g -comformation for χ 1 in the Tyr simulations may be due to insufficient sampling. For other residues (Arg, Asn, Glu, Lys, and Met) there does not seem to be a correlation between the χ 1 and χ 2 angles.
There have been some studies aimed at finding intrinsic propensities for backbone dihedral angles in the random coil state from known protein structures (Swindells et al. 1995; Serrano 1995; Smith et al. 1996) . Although the distribution of angles is the most interesting aspect of these studies, it is useful to predict experimental observables that can be used to test the proposed distributions. Smith et al. (1996) proposed 3 J NHα coupling constants on the basis of known protein structures; these were compared with experimental data by Plaxco et al. (1997) , and some notable differences were found (Plaxco et al. 1997) . I included both predictions on the basis of statistical analysis of known protein structures (Smith et al. 1996) and experimental results in Table 2 ; overall, the statistical data seem slightly closer to experimental values than my simulation results. There have been attempts to obtain torsion angle probabilities directly from experimental data (Dzakula et al. 1992a (Dzakula et al. , 1992b (Dzakula et al. , 1996 but to my knowledge no dihedral distributions have been published for amino acids in the random coil state. Finally, there is also a need for a proper understanding of the random coil state in structural terms in the context of protein folding and peptide receptor studies (Serrano 1995) .
I performed simulations of Gly-X-Gly peptides in the hope of adequately sampling the conformations of the X residue in simulations of 2.5 ns. To test whether my trajectories represent a random coil ensemble I computed chemical shifts and 3 J NHα coupling constants that can be compared with experimentally determined random coil values. The δ NH and δ Hα values are very close to zero, except for aromatic side chains. The latter finding may be due to insufficient sampling, force field errors, or inaccuracies in the empirical calculation of chemical shifts (Williamson and Asakura 1993) . All 3 J NHα coupling constants except the one for Arg are within 0.4 Hz of the experimental values of Plaxco et al. (1997) . The relatively large discrepancy of 3 J NHα for Arg between simulation (7.8) and experiment (6.9) corresponds to a peak in the Φ distribution (Fig. 1) around -110°, 20°lower than, for example, Glu, for which 3 J NHα = 6.9. There is no obvious reason, such as a strong hydrogen bond, in my simulation that can explain this. It suggests that most of the peptides are sampling a conformational space of which the average properties resemble the average properties of the random coil. This does not necessarily imply that my trajectories represent an equilibrium distribution of conformations corresponding to the real one, however, for some values of 3 J NHα correspond to up to four different Φ angles. Brüschweiler and Case (1994) argued that fluctuations of dihedral angles have a significant impact on 3 J NHα coupling constants as measured by NMR. They proposed a modified Karplus relation that includes Gaussian fluctuations around an average value for the dihedral angle. From a 1.5-ns MD simulation of myoglobin they estimated the fluctuation in φ backbone angles to be about 10°in α-helices; fluctuations of this magnitude can reduce the effective 3 J NHα by up to 2 Hz for residues in loop regions. They proposed a method to correct for such fluctuations when calculating J-coupling constants from MD simulations. However, this works only in the case of Gaussian fluctuations, which is clearly not the case in my peptide simulations, since all torsion angles sample a distribution with multiple maxima. A more rigorous (and more useful) approach, in my opinion, is to include fluctuations explicitly in the parametrization of Karplus equations. The magnitude of fluctuations can be estimated from MD simulations or from complementary experiments (Brüschweiler and Case 1994) . Since such parametrizations including fluctuations are not yet available, it is conceivable that my results listed in Table 2 have a systematic error. At present it is not possible to distinguish such errors from either errors arising from incomplete sampling of dihedral angle space or force field errors. The 3 J αβ values given in this paper should be regarded as a prediction because there is to my knowledge no random coil data set of 3 J αβ values. Correspondingly, I think that the dihedral probability functions presented here should be considered as a first attempt to quantify intrinsic dihedral probabilities for the amino acids. Clearly, further refinement of these functions is necessary.
My work indicates that the intrinsic dihedral probabilities differ between amino acids, and that neighboring residues can influence the Ramachandran plots of intermediate residues (see the relatively high population of the forbidden region for some residues in Fig. 2 ). I therefore conclude that the random coil is not completely random.
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